the earth's surface dynamics provide essential information for guiding environmental and agricultural policies. Uncovered and unprotected surfaces experience several undesirable effects, which can affect soil ecosystem functions. We developed a technique to identify global bare surface areas and their dynamics based on multitemporal remote sensing images to aid the spatiotemporal evaluation of anthropic and natural phenomena. The bare Earth's surface and its changes were recognized by Landsat image processing over a time range of 30 years using the Google Earth Engine platform. Two additional products were obtained with a similar technique: a) Earth's bare surface frequency, which represents where and how many times a single pixel was detected as bare surface, based on Landsat series, and b) Earth's bare soil tendency, which represents the tendency of bare surface to increase or decrease. This technique enabled the retrieval of bare surfaces on 32% of Earth's total land area and on 95% of land when considering only agricultural areas. From a multitemporal perspective, the technique found a 2.8% increase in bare surfaces during the period on a global scale. However, the rate of soil exposure decreased by ~4.8% in the same period. The increase in bare surfaces shows that agricultural areas are increasing worldwide. The decreasing rate of soil exposure indicates that, unlike popular opinion, more soils have been covered due to the adoption of conservation agriculture practices, which may reduce soil degradation.
Results and Disscussion
earth's bare surface detected from space. The monitoring of Earth's bare surfaces is limited by many factors, including highly vegetated landscapes, short exposure time gaps in crop fields and spectral degradation 22 . A single satellite image detects only fragments of bare surfaces, and their measurements are highly influenced by external factors, such as surface roughness, moisture levels, and undefined material deposition 23, 24 . Therefore, an adequate synoptic view of the surface can be achieved only using multitemporal composite images 23 . Our data mining method seeks to minimize these impacts and provide a reasonable representation of Earth's bare surfaces using efficient soil classification rules and a robust aggregation approach. We generated a product called the Synthetic Soil Image (SYSI) using the Geospatial Soil Sensing System (GEOS3) 23 . The SYSI is the result of the aggregation of multiple bare surface (BS) fragments mapped from 1985 to 2015 by Landsat satellites (Fig. 1) . The SYSI's capacity to retrieve Earth's BS is almost twofold when compared to global land cover mappings, such as the annual land cover mapping of Moderate Resolution Imaging Spectroradiometer 25 (MODIS) and finer resolution maps generated using Landsat 26 . Our product covered 32% of the Earth's surface ( Fig. 1) , comprising mostly bare lands (approximately 15% when Antarctica and Greenland are included), which is in agreement with the literature 25, 26 . The remaining 17% is composed of agricultural areas (the value was close to 12.6% in 2017 27 ), abandoned fields or naturally bare surfaces outside arid regions.
The spectral pattern retrieved from agricultural BS is related, in many cases, to soil surfaces exposed during land conversion and soil tillage practices. The spatial-spectral patterns, therefore, may be directly related to soil components such as mineralogy, granulometry and carbon 28 . The analysis of the SYSI true colour composition (red: 630-690 nm; green: 520-600 nm; blue: 450-520 nm) reveals many properties based on the colour differences ( Fig. 1 ). In terms of soils, brighter locations in the true colour composition are most likely related to higher quartz proportions 29 . When quartz and SOC contents are low and/or moist and iron forms (which absorb energy) are proportionally higher, the colour becomes darker 29 . The extensive detection of bare arid lands, e.g., deserts in the north-western United States, South America (Atacama), southern Africa (Kalahari) and northern Africa (Sahara), Asia (Gobi) and Australia (West Desert), provides great evidence of SYSI's potential to retrieve bare surfaces ( Fig. 1) .
The reliability and quality of the image were evaluated by site-specific observations of surface reflectance ( Fig. 1a-h) , which presented topsoil data that contrasted to the common landscape patterns (such as vegetation, dry vegetation, water, and snow). The evaluation was performed using a scatter plot of spectral bands, commonly termed soil line analysis 20 . Common landscape patterns have a distinct scattered distribution between the red and infrared bands. This difference is associated with the absorption in the visible ranges by pigments and scattering/ reflectance effects of vegetation structures in the infrared bands 22 , which implies a spread distribution between these two bands. Soils, however, have a linear relationship due to the increase in reflectance from visible to infrared bands, which is related to the scattering effects of particles and minerals from the surface matrix 24 . All evaluated scatter plots ( Fig. 1a -h) presented differences between typical patterns (raw pixels) and soils (bare surface pixels), supporting the premise that our data mining system identifies soils in satellite images.
Additionally, the evaluation of spectral signatures can assist in obtaining information about object properties. There is a strong relationship between soils and radiant energy, which has been systematically proven at regional (United States) 30 and global scales (World's Spectral Library) 28 using laboratory spectral datasets. Although absorption features of high-resolution spectra are more adequate for identifying soil constituents 29 , multispectral reflectance can still be used to identify main Earth characteristics, such as describing shape and intensity patterns of spectral curves (line chart in Fig. 1a -h). The spectral increase from blue to near-infrared can reveal the effects of SOC, iron oxides and other opaque minerals 22 . Spectral curves of temperate zones such as North America (Fig. 1a ) and the Arctic Desert ( Fig. 1b ) have a concave shape affected by high amounts of SOC. Conversely, in the Sahara Desert ( Fig. 1f ), the presence of reflective minerals (e.g., quartz) results in a convex spectral shape. Other regions have a more linear shape due to mixed effects of soil properties, e.g., in China ( Fig. 1g ). Iron-rich soils from tropical regions, such as those from South America and Australia (Fig. 1e,h) , have a higher reflectance in the red band.
The soil reflectance could also provide particle size information due to scattering and reflection effects 22 . Soils with low reflectance contain high amounts of opaque minerals or are predominantly formed by finer particles (clay: <2 μm and silt: between 2 μm and 50 μm). This effect was observed in North America and the Arctic Desert ( Fig. 1a ,b) and in clayey soils from South America ( Fig. 1e ), China ( Fig. 1g ) and Australia (Fig. 1h ). The medium-textured soils of Europe and Central Asia ( Fig. 1c,d ) had intermediate reflectance intensity, while the quartz-rich surface of the Sahara Desert ( Fig. 1f ) had the highest intensity. Thus, remotely sensed spectra have an intimate relationship with soil attributes and are useful for mapping carbon 31 , clay 32 , and cation exchange capacity 33 . enhancing global soil resource monitoring by bare surface imaging. The SYSI dataset not only provides a representation of BS but can also be related to lithological and pedological variability, carbon-rich pools, and biome changes. Lithologic classes (Extended Data Fig. 1a ) from the African continent showed a transition from sedimentary to metamorphic rocks from north to south 34 , which were identified using a false colour composition (red: 1550-1750 nm, green: 760-900 nm, blue: 630-690 nm), changing from bright magenta to purple shades (Extended Data Fig. 1b ). Volcanic and unconsolidated materials in South America, West Africa, India, and The contrast among lighter and darker surfaces may be related to SOC content 35 and, consequently, to some of the greatest SOC pools on Earth (Extended Data Fig. 2a,b ). The SYSI indicated that dark bare surfaces, such as those in southern Russia (Extended Data Fig. 2a ), are often related to a higher SOC content (Extended Data Fig. 2a ), which was confirmed by the negative correlation of −0.35. The same pattern was observed in Asia (site 1), Central Africa (site 2), North Africa and the Central East (site 3) (Extended Data Fig. 2a ).
The SYSI also has great potential for enhancing pedological maps due to the strong connections between reflectance from visible to near-infrared and different soil classes 36 (Extended Data Fig. 3a,b ), which reached a correlation of 0.61. Site 1 indicates areas with Regosols, where quartz-rich areas from the Sahara Desert are detected in the SYSI. Site 2 presents a transition from Kastaznozems to Chernozems to Solonchaks due to an increase in SOC content, which was also observed by a change in shades from bright to dark (Extended Data Fig. 3a) . A very similar delineation between Gleysols to Kastaznozems and Yemasols was observed at site 3, since this region is an area of wetland agriculture (mainly rice). In South America (Extended Data Fig. 4a ), areas with volcanic rocks are closely related to Ferralsols, displaying a darker red coloration in the true colour composition and holding a high amount of SOC content. Regosols and Yermosols in arid regions (rich in quartz) present a higher albedo and brighter features (Extended Data Fig. 4a ). In southern Brazil, high basaltic extrusions resulted in Ferralsols (clayey and iron rich soils), which have a typical dark purple pattern in the false colour composition of the SYSI (Extended Data Fig. 4b ). Wetland soils (e.g., Gleysols) can also be discriminated in the image, such as in Southeast Asia (Extended Data Fig. 4c ), where the reduced iron forms combined with the higher moisture resulted in a distinct spectral pattern (Extended Data Fig. 4d ). A sudden change in tree canopy cover, organic carbon content 37, 38 , and pedological classes can be detected in the transition between the Sahara Desert and the Sub-Saharan region, where more vegetated areas appear (Extended Data Fig. 4d ).
Human-induced changes in land use based on bare surface monitoring: impacts on Earth's soil resources.
The SYSI not only provided crucial data about soils worldwide but also provided temporal evidence of human-induced changes in land use/management ( Fig. 2a,b ). Most importantly, such data provided a complementary perspective in analysing land-use changes. Instead of focusing on average annual spectral patterns, it was possible to emphasize the spatial extent and frequency of Earth's bare surfaces. Thus, we proposed a by-product of the BS image, called hereafter Earth's bare surface frequency (BSF) ( Fig. 2a ). This image represents where and how many times a single pixel was detected as bare using the Landsat series. The frequency of bare pixels is higher in deserts, which was already expected due to the edaphoclimatic conditions of these areas ( Fig. 2a ). In general, the BSF decreased over agricultural areas in South America, Africa, the Australian coast and North America. The BS on the global scale ( Fig. 2a ,b) provides strong evidence of land disturbance, contributing to the discussion of its consequences, such as erosion 39 and changes in energy balance/climate/emissivity 40, 41 , temperature 42 , moisture 43 , SOC stocks 1 and microorganism populations 44 . In addition, an increase in BSF may promote greater weed growth 45 , which may intensify pesticide use 46 and, consequently, groundwater contamination 47 .
Earth's bare soil tendency (BST) was calculated between 1985 and 2015 to focus on soil resource use from agriculture (Fig. 2b) . The SYSI was able to identify 95% of bare soils within agricultural areas around the globe. Some studies have reported similar coverage of bare areas on agricultural lands 20 . The BST could be used to enhance our understanding of what has happened to the soils in the last 30 years. In general, the tendency has shown a decrease in soil exposure (negative values, Fig. 2b ) in most countries. The global trend of exposed surface decreased by approximately 4.8%. In the Central eastern United States and southern Canada and some spots in Asia (Fig. 3a,b ), there was a smooth downward trend in the BST (purple colour). Some spots indicated an upward trend in the BST, such as in Central Brazil and Central Africa (Fig. 3c,d ). In the Central eastern United States and some spots in Europe (Fig. 3a,b ), there was a smooth trend in the BST (near zero, Fig. 2b ).
An expressive reduction in the BST was observed in the Great Plains in North America (Fig. 3a) , which was most likely related to the conversion of agricultural areas to pasture (10-26% decline in agricultural lands). On the Asian continent, there were many areas with significant changes, such as in northern India and eastern China (Fig. 3b ). In these locations, the BSF decreased in recent decades. These changes were related to an increase in irrigation systems 48 , which allowed farmers to cultivate throughout the year. In north-eastern China and Central Mongolia, there was a higher increase in the BST (0.3% yr −1 ), which was similar to that observed by Song et al. 48 . According to these authors, such areas exhibited a large decrease in short vegetation and an increase in BS related to land degradation. In South America, many areas have undergone changes in recent decades, but one of the most significant is the Brazilian agriculture frontier, located near the Amazon biome. This area of southern Amazon forest at the fringe of the Amazon biome experienced deforestation and land-use intensification 49 (Fig. 3c) , which caused considerable land degradation. This process was detected by an extremely high increase in the BST (0.3% yr −1 ). On the African continent, most of the areas presented a negative tendency (Fig. 3d) .
Although soils are being exposed for agricultural purposes (Figs. 2-4) 48, 50 , management after deforestation or during crop seasons may have changed due to a decrease in tillage operations. In addition, irrigated agricultural areas have adopted conservation practices. Despite these changes, our results agree with those of Chrysoulakis et al. 51 , who stated that albedo changes were consistent with land cover/use changes and were driven 
Limitations
An important step in the methodology is the definition of thresholds for each spectral index (NDVI and NBR2) to discriminate soils from other targets, which usually requires not only expert interpretation of the image but also field observations. Due to the scale of this work, broad thresholds were used to produce the SYSI. Adjustments to classify bare surfaces at the global level might not fully represent the soil spatial variability at regional or local scales. Thus, the coverage and/or frequency of bare surfaces could be increased by adjusting those thresholds according to regional or local spectral patterns. Due to climate variations and moisture conditions, even after a site-specific adjustment of thresholds and temporal averaging, the soil water content might still influence spectral reflectance and soil attribute determination (e.g., clay and SOC contents). If used for spatiotemporal modelling, soil predictions derived from the SYSI reflectance should be carefully evaluated before being applied in decision-making and planning processes.
Another issue is the different frequencies of imagery acquisition and cloud occurrences at the global extent as well as the overlap between scenes that can affect the counting of pixels in the BSF image. Overlapping scenes www.nature.com/scientificreports www.nature.com/scientificreports/ result in north-south oriented strips in the BSF, which are especially observed in the northern African continent. Such overlapping areas provide little additional information in comparison to fully overlapped images because the images are acquired with minimal time difference and therefore are largely under identical environmental and weather conditions. To tackle these problems, we have generated three different frequency maps regarding the occurrence of 1) total available pixels, 2) cloudless pixels (i.e., flagged as valid for our analysis), and 3) cloudy pixels (Extended Data Fig. 5 ). Thus, we considered the cloudless density of the globe as the total available pixels for a given location to calculate the relative frequency of bare surfaces instead of their absolute values. The occurrence of cloudy pixels could have hampered the estimates; therefore, the bare surface frequency relied on the number of cloudless pixels for its estimation.
Concluding remarks. Our processing system was able to retrieve and produce a reasonable estimate of Earth's surface reflectance. The bare surface showed its potential for monitoring soil resources at the global scale. The SYSI product can assist in the development of public policies and in the assessment of climate alterations, land-use changes and soil management changes. The image presented accurate spectral quality, and the spectral patterns were representative of the abiotic surface materials. The spatial patterns agreed with global datasets, and our results may actually be used to improve them. The global bare surface area increased, while the frequency trend decreased due to the high adoption of agricultural conservation systems. The bare surface reflectance and frequency have a spatiotemporal representation of soil exposure due to natural or human practices, offering interdisciplinary uses such as soil conservation monitoring, soil temperature assessment, precision agriculture, urban expansion, and others. The areas with a low BSF can be associated with lands recently converted to agricultural uses or those with conservation systems in at least the last three decades. Intensive farming during the same time can cause high frequencies of soil exposure. Overall, we observed a negative global tendency of exposed surfaces (−0.16% yr −1 ), corresponding to a reduction in global soil frequency of 4.8% in the last 30 years.
The cloud-based processing environment was efficient by the use of big data, such as the surface reflectance collection. The algorithm took approximately two days to process all the images and produce a single representation of the bare surface for the whole planet. This processing capacity is impressive since the system handles thousands of images simultaneously. If we consider a Landsat image with a native spatial resolution of 30 m, almost one trillion pixels are needed to cover the full extent of Earth. This processing architecture demonstrates the benefits of the availability of open-access satellite images and cloud-based processing systems. This technique www.nature.com/scientificreports www.nature.com/scientificreports/ enables us to observe the Earth in a timely manner, contributing to soil resource analyses and policy-making. The users can interactively explore the images by accessing the following link: https://geocis.users.earthengine.app/ view/bare-surfaces. The interface provides graphical visualization, where charts can be generated by clicking a location over the bare surface areas.
Methods
Data acquisition and bare surface retrieval. We used the Google Earth Engine (GEE) cloud platform 58 to acquire surface reflectance and quality assessment bands of Landsat 4 Thematic Mapper (TM), Landsat 5 TM, Landsat 7 Enhanced Thematic Mapper Plus (ETM+), and Landsat 8 Operational Land Imager (OLI) and to retrieve global bare surfaces from 1985 to 2015. The dataset consisted of higher-level products from the Tier 1 collection, which were processed by the LEDAPS and LaSRC algorithms 59,60 . Once the Landsat bands were positioned in equivalent spectral regions, with slight differences due to their relative spectral responses, we merged the collections by harmonizing the band numbers with a common specific name: blue, green, red, near-infrared (NIR), shortwave-infrared 1 (SWIR 1 ), and shortwave-infrared 2 (SWIR 2 ).
The Geospatial Soil Sensing System (GEOS3) 23 algorithm was used to flag bare surfaces (BSs) on images and aggregate the sparse occurrences into a single multispectral representation by the median value. We considered bare surfaces as natural abiotic surfaces (e.g., bare soil, sand and rock outcrops) where natural vegetation was absent or almost absent. In this step, the normalized difference vegetation index (NDVI, Eq. 1), normalized burn ratio (NBR2, Eq. 2) and visible-to-shortwave-infrared tendency index (VNSIR, Eq. 3) were applied in each single image flagging bare surfaces with valid values and other pixel values as not-available (NA) data. Bare surfaces were assigned when the NDVI ranged from −0.25 to 0.25, the NBR2 ranged from −0.30 to 0.10, and the VNSIR was lower than 0.9. Additionally, clouds, shadows and other problematic pixels were removed from the soil classification step using the quality assessment band (pixel_qa) and custom cloud masks of each Landsat sensor. 2 where Blue, Green, Red, NIR, SWIR1 and SWIR2 are the harmonized spectral bands from Landsat 4 TM, 5 TM, 7 ETM+ and 8 OLI, respectively. The BS frequency (BSF) was calculated by dividing the number of pixels flagged as bare surface by the number of the same pixels had valid information, i.e., without clouds, shadows or inconsistent values, which were masked using the quality bands. We calculated the BSF for two different time intervals: total (from 1985 to 2015) and every 3 years starting from 1985. The GEOS3 algorithm was implemented in GEE using the JavaScript API. The processing workflow used Landsat products with a native spatial resolution (30 m), and the final global products were resampled and stored at 250 m (Fig. 1 ).
Data analysis. Quality assessment.
We checked the quality of the BS image using the spectral signature and soil line concept 20, 23 . The BS spectral signature has a constant ascendant pattern from the blue to SWIR 1 bands due to the absorption of organic matter and iron oxides in the visible range and a strong reflectance of some minerals (such as quartz) in the near and shortwave-infrared 28, 61 . The soil line evaluates the linear relationship (scatterplot) between the red and NIR bands using the slope and offset parameters of the adjusted line 62 . In such cases, the BS has an adjustment near the 1:1 trend line, while vegetation and other land covers have a scattered distribution 18 . For this step, we sampled bare surface pixels inside a 50 km 2 square using GEE at eight different positions around the world (Fig. 1a-h) . Additionally, a median composite (from 2017 to 2019) from the Landsat 8 surface reflectance catalogue was used to compare the bare surface trend with the natural landscape patterns.
Statistical correlation between BS image and global maps. Statistical analysis was implemented to quantitatively establish the relationship between the SYSI and the global maps of soil carbon, lithology, and soil classes 63 . For this task, we resampled the global maps and the SYSI to a standard reference grid with a 0.5° pixel resolution. The categorical maps were upscaled using the nearest neighbour method, while maps with continuous information were resampled using the bilinear algorithm. This processing was performed to transform each pixel location (720 × 360 pixels in total) into tabular data for statistical analysis. For the SYSI map, principal component analysis was also performed to combine all the variability of the SYSI bands into single uncorrelated principal components. The first principal component, which explained at least 90% of the variance, was used to determine the strength of association with the global maps.
Two different association methods were implemented considering the continuous and categorical aspects of the maps. The association between the first principal component of the SYSI and the global soil carbon map (both continuous variables) was obtained using Pearson's correlation analysis. When evaluating the association between the SYSI and the lithological or soil class global maps, one-way analysis of variance (ANOVA) was used. The statistical correlation from ANOVA was calculated using the square root of the ratio between the sum of squares of the model (categorical levels) and the total sum of squares (sum of model with residuals sum of squares) 64 .
Temporal analysis. Temporal analysis was performed using the bare surface frequency calculated for each three years from 1985 to 2015. A square grid of 0.1° × 0.1° was created for the global extent (from 180 °W to 180°E and from 70 ° S to 70 ° N), and the three-year frequency of 250 m was reduced by the mean statistics to the extent of 0.1° × 0.1°. For each grid cell, we performed a time series analysis using the Mann-Kendall test (MK) 64, 65 . The method defines whether a variable changes consistently over time, revealing an increasing or decreasing trend. The test allows a trend evaluation in normally and non-normally distributed data, which makes it a robust method 66 . The MK test starts by applying an indicator function (sgn) on the difference between all possible pairs of measurements (Eq. 4). The value measured at time (j(x j )) is subtracted from the values previously observed (x i ), considering that time (j > i). Then, these differences are used to define Kendall's statistics (S) (Eq. 5). where n is the length of the dataset. Based on S, the variance V(S) (Eq. 6) and the normalized test statistics Z (Eq. 7) are calculated.
Area calculation. The calculation of area was conducted in GEE by reducing the number of pixels inside each country polygon delimited by the large-scale international boundary polygons (simplified) dataset 56 . For this step, a water mask generated by Hansen et al. 67 was used to mask out both oceans and surface water within continents. We counted the total number of pixels (250 m) inside the country boundary as well as the number of bare surface pixels. With the two counts, we calculated the relative area of bare surfaces and the absolute area from the product with the official land area of each country 68 . Additionally, we considered the Moderate Resolution Imaging Spectroradiometer (MODIS) Land Cover Type Early product from 2017 to conduct additional analyses considering different land-use and land cover types, as defined by the Annual International Geosphere-Biosphere Program (IGBP) classification 25 .
Data availability
The dataset generated during the current study is available in Google's Earth Engine App provided in the link: https://geocis.users.earthengine.app/view/bare-surfaces.
code availability
The code to generate the final product of the bare surface image is available from the corresponding author upon reasonable request for the following reasons: a) the script/code creates a proxy from which our research group is working on the development of new products that will be published in the near future.
